Introduction
A substantial part of China is experiencing chronic air pollution with severe fine particulate matter (PM) concentration and PM 2.5 in particular [1, 2] . PM 2.5 refers to fine PM with aerodynamic diameter of less than 2.5 µm. The north China Plain (NCP) that surrounds Beijing endures the most severe air pollution in the country with excessive PM 2.5 concentration. In a move to clear up the smog, China's State Council has set a 25% PM 2.5 reduction target for the NCP by 2017 relative to the 2012 level, and a specific target of no more than 60 µg m −3 for Beijing's annual average.
Beijing's official air-quality statistics are composed using hourly PM 2.5 data from 11 Guokong (state data interference. The consistency of PM 2.5 data between US diplomatic missions in five Chinese cities and the neighbouring Guokong sites was confirmed in [3] .
Just a few days into the new year of 2017, the Beijing Municipal Environmental Monitoring Center (BMEMC) released the official annual PM 2.5 average of 72.6 µg m −3 for 2016, which represents a 9.9% reduction from the previous year. While this statistic was quite comforting, it was in a sharp contrast to many locals' experience, especially as in the last three months of the year the capital had experienced repeated episodes of severe smog.
In this study, we conduct several statistical analyses on the PM 2.5 data of the past 4 years from Beijing's 36 monitoring sites in conjunction with 7 years' meteorological records at 15 stations; see the electronic supplementary material, table S1, for specific information of these sites. We want to provide meaning and insight to the official statistics and a broader understanding of the air pollution situation in Beijing. To this end, we consider (i) two types of years: the calendar year and the seasonal year, which runs from March to February the following year; (ii) two types of monitoring sites: the 11 Guokong sites and more sites in central Beijing to provide wider spatial coverage, and (iii) two types of averages: the simple average and an adjusted average constructed under a standardized baseline meteorological condition. The latter is based on a consideration that the observed air pollution data are confounded by the meteorological variation [3] [4] [5] [6] , and the adjustment largely removes the meteorological confounding and makes the adjusted averages comparable both spatially and temporally. Having these three perspectives in the analyses leads to a fuller view on Beijing's PM 2.5 pollution in the past 4 years and 2016 in particular.
Data
The city of Beijing established an air pollution monitoring network in January 2013 as part of the national monitoring network. There are 36 air-quality monitoring sites in Beijing, 35 of which are BMEMC sites and one at the US Embassy in Beijing. The locations of the air-quality monitoring sites along with the meteorological sites are marked in figure 1 , and more specific site information is available in the electronic supplementary material, table S1.
As the observed PM 2.5 level is ordinarily impacted by the meteorological condition, we consider meteorological data at 15 weather observing stations of the China Meteorological Administration (CMA; marked in figure 1 ). The meteorological data consist of 6 hourly observed variables: air temperature, wind direction (WD) and speed, pressure, relative humidity (or dew point temperature, DEW) and precipitation, from March 2010 to February 2017. The reason for using three more years' meteorological data is for a better construction of a spatial and temporal baseline weather condition over the study region. This is to obtain a spatially and temporally adjusted average of PM 2.5 concentration which is comparable over space and time; see [3, 7] for temporally adjusted averages of PM 2.5 . The rationale for adding the spatial adjustment is that we have multiple meteorological stations which provide data of spatial variation.
As there were many missing values in January and February of 2013 in most sites when Beijing's air-quality monitoring network was first put in operation, we consider the seasonal year, namely hourly PM 2.5 data ranging from March 2013 to February 2017 that makes up four seasonal years. As mentioned earlier, an advantage of using the seasonal year is that it keeps the winter season intact without breaking it into two separate years. The time unit of the study is season, which consists of segments of three months starting from March, June, September and December, which represent the four seasons of spring, summer, autumn and winter, respectively. This takes advantage of Beijing's distinct seasons as each season provides a homogeneous weather pattern. A season offers more data than a month which is important for our adjustment method based on the non-parametric regression approach [8, 9] .
Meteorological variation and need for adjustment
The rationale of the meteorological adjustment is that there is much spatial and temporal variation that confounds the air-quality observations. Locations of the 36 air-quality monitoring sites (red or purple dots) and 15 meteorological sites (blue triangles) in Beijing. The purple dots mark the 12 Guokong sites and the red dots show the other 24 sites. The region above the blue line is the north region, and that below the yellow line is the south region, the area in between is the central region.
under a comparable baseline weather equilibrium. To demonstrate the meteorological variation, we consider the probabilistic distributions of WD, cumulative wind speed (CWS) and DEW for January and February 2016 and 2017. The three variables are known to be important in the modelling of the meteorological confounding of PM 2.5 [3, 7] . Specifically, the dew point reflects both relative humidity and air temperature [10] .
The marginal and joint distributions (via the box plots and the contour plots) of the three variables are displayed in figure 2 . To gain contrast, we also present the spatial-temporal baseline distributions of these three variables using seven (seasonal) years' data from March 2010 to February 2017. Figure 2 shows that January and February of 2016 had quite favourable dispersion conditions. Relative to the two months in 2017 and the 7 years' baseline, January and February 2016 had a much higher percentage of northerly wind, larger CWS and lower DEW. The latter reflects a lower humidity and temperature regime that is usually associated with the clean, colder and dryer northerly wind flow, which removes the PM 2.5 in the city. This explains the low PM 2.5 averages in the first two months of 2016 (electronic supplementary material, figure S2 ). It is noted that the mountainous north has little emission loading, whereas the NCP region that neighbours the (orange) and PM 2.5 > 150 µg m −3 (red). The four numbers inside each coloured node indicate the proportions of the four PM 2.5 categories at each layer of the branch, and the percentage represents the marginal proportion of the sample at the node.
The less favourable condition in the first two months of 2017 was also the case relative to the 7 years' baseline.
We can use tools of statistical learning to explore the relationship between PM 2.5 and meteorological variables and plot the classification trees [11] to visualize the result. Figure 3 and electronic supplementary material, figure S1, display the top four layers of the classification trees for PM 2.5 with respect to five meteorological variables at four monitoring sites in the winter of 2016. We did not consider the cumulative precipitation (CP) as Beijing has little of it in the winter. The response PM 2.5 is partitioned into four categories: PM 2.5 ≤ 35 µg m −3 , 35 µg m −3 < PM 2.5 ≤ Table 1 . Empirical weights of the five meteorological covariates (without cumulative precipitation) in the top four layers of the classification trees in the entire region (36 sites) and three subregions for the winter of 2016. Meteorological covariates used are DEW, CWS, temperature (TEM), WD and pressure (PRE). For each covariate and each layer of a tree, the weight are obtained by the ratios of the numbers of monitoring sites where the covariate appears in the layer to the number of all monitoring sites available in the region. Figure 3 and electronic supplementary material, figure S1, show that in the winter of 2016, nearly 70% of data can be correctly classified by trees with four layers. Table 1 summarizes the relative importance of the weather covariates at each layer of the trees by the relative frequency of the classification variable (variables) chosen by the trees standardized by the number of monitoring sites involved for the entire region with 36 monitoring sites, and the three sub-regions. The table shows that the dew point (DEW) is the dominating variable as it classifies the first layer of the tree in all cases. WD is the second most important classifier, followed by the CWS, pressure (PRE) and temperature (TEM). That the dew point is the most important factor that influences the PM 2.5 rather than the commonly perceived wind can be understood by the fact that the WD is the main factor that impacts the dew point, as the northly wind brings cooler and drier air from the cleaner north which reduces both the DEW and the PM 2.5 . By contrast, the southerly wind brings warmer and more humid air from the more polluted south that elevates the PM 2.5 concentration. This is consistent with the previous findings reported in [7] . Despite the classification power of the trees, for the purpose of more accurate air-quality assessment, we will employ the non-parametric regression approach as it treats PM 2.5 as a continuous random variable. These suggest a need to adjust the observed PM 2.5 under a baseline meteorological condition that reflects the equilibrium weather in the study region. Our adjustment method is one such method whose details are outlined later.
Spatially and temporally meteorological adjustment
The official air-quality statistics in China are based on the simple averages of hourly PM 2.5 readings. However, the observed PM 2.5 levels are known to be influenced by emission of pollutants, meteorological conditions and their interaction [4, 6] . The secondary generation of fine PMs is an act of the interaction, which is, for instance, much encouraged by high humidity with high temperature and calm wind. It is found using data from the US Embassy in Beijing that more than 70% of the variation in PM 2.5 can be explained by the variation in meteorological variables [7] . Indeed, increased emissions accompanied with a favourable dispersion condition can result in lower PM 2.5 readings than a lowered emission regime but with unfavourable weather conditions. This indicates a similar situation to statistical observational studies [12] , where bias due to pre-treatment variables needs to be adjusted in the evaluation of treatment effects. At each PM 2.5 observational site s, let Y ijt (s) be the PM 2.5 concentration at hour t of year i in season j, where j = 1 for spring (March-May), j = 2 for summer (June-August), j = 3 for autumn (September-November), and j = 4 for winter (December to February of the following year); and X ijt (s) denotes the vector of the six meteorological variables: air temperature (TEM), DEW, air pressure (PRE), WD, CWS at a direction and CP. We classify the wind into five directions: NW, NE, SE, SW and CV. CWS adds up hourly wind speed at one direction until the direction changes. The same applies to CP.
We use the following non-parametric regression model [8, 9] :
where ijt (s) is the residual, and m ij (x, s) is the regression function of Y ijt (s) at site s with weather variables X ijt (s) being conditioned at x. Mathematically, m ij (x, s) = E{Y ijt (s) | X ijt (s) = x}, where E(· | ·) denotes the conditional expectation. The above non-parametric model does not assume an explicit form of the regression function that offers model robustness and flexibility in the relationship between the pollution level and the meteorological variables. This is advantageous as it can avoid the risk of model misspecification. It is also noted that the purpose of this study is air-quality assessment, which does not require a detailed parametric or semiparametric model since the purpose of the kernel smoothing is obtaining the adjusted averages or quantiles of the response variable. The approach we use to adjust for the meteorological confounding consists of four steps.
Step 1. Construct a spatially and temporally meteorological equilibrium probability density for a particular season j based on the 7 years' (March 2010 to February 2017) historic weather data of all available weather stations. Let f ij (x, s) be the probability density function of weather variables X ijt (s) at the location s of season j in year i, which can be estimated based on the meteorological data at the location s of the particular season and year via the kernel density estimation approach [13] . The spatial-temporal baseline probability density function for season j is
where M denotes the collection of all available meteorological stations and |M| denotes their size (which is 15 in the study), and the number 7 corresponds to 7 years of weather data. The spatial and temporal baseline is attained by averaging the weather density with respect to the years and sites at a fixed season j. Letf ·j (x) be the empirical estimate, which can be obtained by the kernel density estimatorf ij (x, s) [13] . However, in the practical calculation of the adjusted averages, explicit estimation of f ·j (x) can be avoided as shown below.
Step 2. For a season j of year i, regress hourly PM 2.5 values Y ijt (s) with respect to the weather condition X ijt (s) at site s to obtain an estimatem ij (x, s) for the regression function m ij (x, s) via the non-parametric regression method [8, 9] . In this step, only data of the specific season j of year i at site s is used.
Step 3. Compute the spatially and temporally adjusted average PM 2.5 for season j of year i at the site s byμ
Asf ·j (x) is a probability density, the integral in (4.2) can be replaced by summations so that
where n aj is the size of meteorological data in season j of year a at each site. Step
where |R| denotes the number of monitoring sites in R. Specific examples of R in our studies are central, south and north regions as well as the region encompassed by the 11 Guokong sites. It is noted that there are around 2160 hourly observations per season in the non-parametric estimation of the regression function. With six covariates, this largely reduces the curse of dimension for the non-parametric approach in Step 2 when compared with employing monthly data. As mentioned a few paragraphs earlier, the purpose of the current study is air-quality assessment, which allows us to bypass a detailed parametric or semiparametric model since the adjusted average is an integration of the product of the regression function and the density function, whose estimation enjoys a faster rate of convergence ( n ij , see [14] ) as compared to that of estimating the regression function m ij (x, s). As a result, the issue of curse-of-dimensionality associated with kernel smoothing is less impactful in the current context of the air-quality assessment.
To obtain the standard error forμ ij (R), we employ the spatial and temporal block bootstrap method [15] . The method has been applied in the air-quality study of five Chinese cities [3] to supply the standard errors to the adjusted monthly PM 2.5 estimates. The standard errors together withμ ij (R) are used to test for various statistical significance in the study. In this study, much of the interest is whether the adjusted averages in two consecutive years are significantly increased or decreased statistically.
Specifically, in season j of year i 1 and i 2 = i 1 + 1 over region R, we first obtain the adjusted averagesμ i 1 j (R) andμ i 2 j (R) by the above spatial-temporal adjustment approach, and then implement a spatial-temporal bootstrap method to acquire the standard error ofμ i 2 j (R) −μ i 1 j (R), denoted byσ i 2 −i 1 ,j (R). Ifμ i 2 j (R) −μ i 1 j (R) ≥ (<)0; we shall consider testing the hypotheses H 0 : 
asymptotically follows the standard normal distribution, which allows us to obtain the p-values and the corresponding statistical significances to see whether the air quality in season j of year i 2 is better than that in season j of year i 1 or not.
Prognosis of PM 2.5 concentration from 2013 to 2016
By conducting the spatially and temporally meteorological adjustment (details in §4), we first obtain adjusted averages at each monitoring site for each season of a year. By spatially smoothing [9] , the site-specific averages with the Gaussian kernel and a bandwidth h = 0.15 (in latitude and longitude degrees), we provide in figure 4 a seasonal PM 2.5 concentration map over Beijing for each season from 2013 to 2016. Here, we use the seasonal year that runs from spring (MarchMay), summer (June-August), autumn (September-November) to winter (December-February of the following year). We choose a season as the basic time unit of study to take advantage of Beijing's distinct seasons and the fact that each season has a quite homogeneous meteorological condition. The latter provides stability for the meteorological adjustment we employ in the study. The average PM 2.5 concentration has quite large seasonal and spatial variations as shown in figure 4 . On the seasonal variation, winter has the highest concentration followed by autumn and spring, and summer is the season with the lowest PM 2.5 . However, the city-wide averages in the best summer season were still above 60 µg m [16] . The winter average PM 2.5 was in the range of 97-103 µg m −3 , which was more than 50% higher than that of the summer. The spatial differences are well illustrated in figure 5 by the kernel smoothed average PM 2.5 curves [9] in the south-north direction (latitude) in 2016; those for 2013, 2014 and 2015 are given in electronic supplementary material, figure S3 . The smoothed average curves show clearly a south-high and north-low characteristic in the spatial distribution of PM 2.5 in Beijing. The spatial variation was the largest in winter and autumn. In winter, the PM 2.5 level in the southern edge of the city can be 50% higher than that in the city centre around Changan Avenue. This pattern was little changed in the past 4 years, which was partially due to the pollutant transportation from the industrial Hebei province in the south.
To conduct finer analyses, we group 36 air-quality monitoring sites in Beijing into three regions: central, north and south, as displayed in figure 1 and detailed in electronic supplementary material, table S1. The central region largely encompasses the sixth ring road that encloses the central Beijing with 80% of population living within it. It has 25 monitoring sites, including 10 of the 11 Guokong sites, and is the most similar to the area encompassed by the 11 Guokong sites used by BMEMC. To gain information on the yearly changes in PM 2.5 , we difference the average PM 2.5 maps of a season in figure 4 between two consecutive years and report them in figure 6 . Figure 6 suggests that the PM 2.5 level was substantially reduced in all four seasons of 2015, but there was no improvement in 2016 as conveyed by the associated p-values. 
Situation in 2016
The conclusion of no significant improvement in 2016 as conveyed in figure 6 is sharply different from the official 9.9% decline in PM 2.5 for calendar year 2016. Specifically, our weather adjusted annual average for the central region in 2016 was 80.9 µg m −3 , which was 1.4% higher than the 2015 average of 79.8 µg m −3 . If the 9.9% reduction were the case, it would put Beijing's 2016 concentration to 72.6 µg m −3 and make the task of reaching the 60 µg m −3 annual target imposed by the State Council much easier in 2017. For the sake of effective air-quality management, there is a great need to settle the difference. There are three major differences in the composition of the statistics between BMEMC and our assessment. Firstly, the BMEMC statistic is based on the calendar year, while we use the seasonal year. Secondly, the BMEMC uses simple averages while we employ the adjustment that removes the meteorological confounding and makes the averages comparable spatially and temporarily. Lastly, the BMEMC statistic is based on the 11 Guokong sites, while ours is based on the 25 sites in the central region.
To reconcile the statistics from the city and our assessment, we report in table 2 the simple and adjusted averages for the 11 Guokong sites and the central region, respectively. Electronic supplementary material, figure S4 is a visual display for part of table 2. Table 2 shows that if we adopt the simple average but based on the seasonal year instead of the calendar year, the annual average for the Guokong sites became 79.4 µg m −3 , which was 6.7% more than the corresponding average of 74.4 µg m −3 for 2015. This means that the improvement conveyed by the 9.9% reduction in the calendar year 2016 was actually rather fragile as a simple two-month time shift could produce a sharply different result. A reason behind this dramatic turning around was extremely low PM 2.5 recorded in February and January 2016, which can be shown in electronic supplementary material, figure S2 . Both months are in the winter, which usually endures high PM 2.5 in the range of 90-100 µg m −3 caused by winter heating combined with a much lower boundary layer height. However, February 2016 saw that the simple average PM 2.5 fell to an unprecedented 43.6 µg m −3 , and the average for January 2016 was 68 µg m −3 , also well below the winter norm.
If we carry out the spatial and temporal meteorological adjustment for the 11 Guokong sites, the size of the decrease in calendar year 2016 was reduced from 9.9% to a mild 4.4%, indicating more than 55% of the 9.9% decline was due to more favourable weather conditions in calendar year 2016. At the same time, the size of the increase in the seasonal year 2016 was also reduced Table 2 . Annual averages of PM 2.5 concentration based on two types of years (calendar year versus seasonal year), two collections of monitoring sites (Guokong versus central region with 25 sites) and two kinds of statistical averages (simple averages versus (weather) adjusted averages). The asterisks (*) represent the level of significance for testing the increase/decrease of the annual change between two consecutive years (no asterisk means the increase/decrease was not significant; *0.025 ≤ p < 0.05; **0.01 ≤ p < 0.025; ***p < 0.01). a The −10.3% differs from the −9.9% figure from the BMEMC as we have combined several data sources to lower the rates of missing values.
from 6.7 to 2.3% after adjusting for the weather conditions. The 2.3% increase was not statistically significant at the 5% level, while the 4.4% decrease was significant at the 5% level but not at the 2.5% level.
If we focus on the central region that has 25 air-quality monitoring sites, we find the simple calendar year average in 2016 was 76.4 µg m −3 and the simple seasonal year average was 83.1 µg m −3 , representing an annual 10.0% reduction and 6.5% increase, respectively. However, after meteorological adjustment, these two percentages became a 4.6% reduction and a 1.4% increase, respectively, and the latter was not statistically significant at the 5% level while the former was not significant at 2.5%. Table 2 also demonstrates the impacts of the spatial and temporal meteorological adjustment in mitigating the effect of extreme meteorological variation and in producing more robust air-quality assessments.
This smoothing effect of the adjustment is clearly shown by the adjusted seasonal average curves for both the Guokong sites and the central region to largely correct the highs and lows of the simple averages.
We note that from table 2 and electronic supplementary material, figure S4 , the simple averages of the central region were larger than those of the 11 Guokong sites with the difference being 5-6 µg m −3 in 2013 and 2014, and 3-4 µg m −3 in 2015 and 2016. Figure 5 reveals that all the Guokong sites are located in the middle or north part of the city where a relatively lower PM 2.5 level is registered. This means that the southern part of the city is not included in the air-quality management of the Guokong system, leading to biased assessments. We strongly suggest allocating Guokong sites to the southern part of the city to make the official statistics representative of the city.
Discussion
By conducting several statistical analyses based on more than 7 million pieces of PM 2.5 and meteorological records, we have shown that there was a significant reduction in the PM 2.5 level in Beijing in 2015. However, our analysis cannot confirm the improvement in 2016 as conveyed in the official 9.9% reduction in PM 2.5 . By contrast, we have detected a non-significant increase in the seasonal year average PM 2.5 in 2016 after adjusting for the meteorological variation. An underlying reason for the rather fragile and uncertain situation regarding Beijing's air quality in 2016 was the start of an economic recovery that took momentum from spring 2016 as reflected in the output of three high energy consuming products, steel, iron and cement, in the neighbouring Hebei province, according to the statistics displayed in electronic supplementary material, figure S5 . The province's outputs for the three products increased at annual rates of 4.4%, 6.4% and 8.0%, respectively, in 2016. In particular, both the steel and iron output had notable increases in all the seasons since spring 2016. The cement outputs in 2016 had risen in three consecutive seasons from the spring, despite some decline in the winter of 2016. More importantly, the coal consumption in Hebei, after 3 years' steady decline, had rebounded with a 3.2% increase in the autumn of 2016. The latter correlated well with the significant decrease in PM 2.5 in 2015 and the increase in the PM 2.5 starting from autumn 2016 as shown in figure 6 . The rise of coal consumption and the outputs of the three major heavy industrial products in 2016 imply that the air pollution mitigation campaign in 2017 would be an up-hill endeavour. A much tougher environmental enforcement and strategic planning are needed in order to reduce the PM 2.5 level. At the same time, our study shows that using sound and objective statistical measures are urgently needed in air-quality management in China. 
